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discipl inary met hodological  st andards,  which may help t o consider  t he l imi t s of  an exclusive f ocus on explanat ory approaches.  The
resul t s provide an insight  int o t he predict ive capaci t y of  wel l -est abl ished educat ional  measures and concept s in predict ing school
t rack enrol lment .  The resul t s show t hat  t here is qui t e a bi t  we cannot  explain in educat ional  navigat ion at  t he very end of
element ary educat ion.  Yet ,  predict ive misclassi f icat ions mainly occur  bet ween adj acent  school  t racks.  Very f ew misclassi f icat ions
in t he f ut ure enrol lment  of  academic-t rack and basic-t rack st udent s,  i . e. ,  t hose pursuing t he most - and least -prest igious t racks,
respect ively,  occur.
  
 
Cont ribut ion to the f ield
Hist or ical  and current  pract ice in t he educat ional  sciences has vast ly rel ied on explanat ory model ing and has been dedicat ed t o
search f or  predict ors t hat  help t o explain educat ional  t ransi t ions and out comes.  This research has est abl ished a plet hora of
predict ors explaining individual  di f f erences,  f or  example,  in educat ional  t ransi t ions and careers.  Yet ,  because elaborat ing t he
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explanat ory concept s can resul t  in t he est abl ishment  and preservat ion of  t heoret ical l y elegant  and parsimonious models,  which
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f ashion t he manuscr ipt  f ocuses on t he predict ion of  school  t racks based on a longi t udinal  survey on st udent  learning progression in
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Abstract 9 
Complementing widely used explanatory models in the educational sciences that pinpoint the 10 
resources and characteristics for explaining students’ distinct educational transitions, this paper 11 
departs from methodological traditions and evaluates the predictive power of established concepts: to 12 
what extent can we actually predict school track enrollment based on a plethora of well-known 13 
explanatory factors derived from previous research? Predictive models were established using 14 
recursive partitioning adopted from machine learning. The basis for the analyses was the unique 15 
Zurich Learning Progress Study in Switzerland, a longitudinal study that followed a sample of 2000 16 
students throughout compulsory education. This paper presents an exemplary examination of 17 
predictive modeling, and encourages educational sciences in general to explore beyond the horizon of 18 
their disciplinary methodological standards, which may help to consider the limits of an exclusive 19 
focus on explanatory approaches. The results provide an insight into the predictive capacity of well-20 
established educational measures and concepts in predicting school track enrollment. The results 21 
show that there is quite a bit we cannot explain in educational navigation at the very end of 22 
elementary education. Yet, predictive misclassifications mainly occur between adjacent school 23 
tracks. Very few misclassifications in the future enrollment of academic-track and basic-track 24 
students, i.e., those pursuing the most- and least-prestigious tracks, respectively, occur. 25 
1 Introduction 26 
Historical and current practice in the educational sciences has relied considerably on explanatory 27 
modeling (Hofman, Sharma and Watts, 2017; Yarkoni and Westfall, 2017). In the field of research on 28 
educational outcomes, this has resulted in the search for a plethora of predictors that help to explain 29 
child development (Bradley and Corwyn, 2002), students’ educational transitions and navigations 30 
(Dumont, Klinge and Maaz, 2019; Doren & Grodsky, 2016; Barone, 2011; Billingham and Hunt, 31 
2016), or inequalities in learning progress at the institutional and the neighborhood level (Aikens and 32 
Barbarin, 2008, Coleman, 1968; Rumberger and Palardy, 2005; Ewijk and Sleegers, 2010). The 33 
research approaches are often deductive. In a theory-driven and hypothesis-testing way, explanatory 34 
relationships between enforcing and attenuating factors in educational processes and outcomes are 35 
investigated. On this basis, an elaborate understanding of moderating and mediating relationships 36 
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explaining educational outcomes is built. These studies provide highly valuable insights into the 37 
interactions and mechanisms underlying disparate educational pathways. The explanatory power of 38 
predictors is depicted by the use of standardized measures (such as effect sizes, Cohen, 1988) or the 39 
proportion of variance explained (Lewis-Beck, 1980). However, how accurately explanatory 40 
concepts can actually predict educational outcomes is rarely considered. One possible reason for this 41 
omission is that predictive modeling is not in the standard methodological toolbox of educational 42 
science research. Furthermore, predictive approaches are considered an atheoretical and purely data-43 
driven approach to knowledge generation. The strength of explanatory modeling in providing in-44 
depth insight into underlying mechanisms is considered the downside of models set up for purely 45 
predictive purposes, where such mechanisms are treated as a ‘black-box’ (Strobl, Malley and Tutz, 46 
2009). In contrast, explanatory approaches are not concerned with the predictive capacity of the 47 
modeled concepts. Hence, the almost exclusive methodological restriction and narrowing in favor of 48 
explaining empirical observations can result in the establishment and preservation of theoretically 49 
elegant explanatory models and concepts, which may nonetheless have very limited capacity to 50 
predict actual human behavior and outcomes (Hofman et al., 2017; Yarkoni and Westfall, 2017); or 51 
at least, the preservation of theories and concepts for which we have no baseline of knowledge of 52 
their predictive capacity. We argue that when predictive modeling is applied as a complement on the 53 
basis of well-established explanatory concepts, this would enable educational research to explore the 54 
predictive power of their explanatory models. Asking how accurate empirically well-established 55 
explanations can actually predict educational outcomes means that it is possible to gauge how much 56 
is still ‘unknown.’ Hence, the empirically founded understanding from explanatory research is put 57 
into perspective. This article explores this issue based on an exemplary study on school track 58 
enrollment in Switzerland; a well-researched topic from an explanatory angle in the educational 59 
sciences. 60 
1.1 The school track’s imprint on future trajectories 61 
In accordance with Germany and Austria, rigid early tracking is characteristic of the Swiss education 62 
system. In lower secondary education – starting around age 12 and lasting for three years – students 63 
are separated into different school tracks with differential cognitive demands. These tracks then open 64 
up disparate prospects for academic performance development and future careers.1 The academic 65 
track (Progymnasium) in lower secondary education, when followed up at the upper secondary level, 66 
allows for direct entry into universities2 and hence prepares students for academic careers. Other 67 
lower secondary education tracks (basic and extended requirements) frequently result in vocational 68 
education careers. Vocational education and training (VET) is the predominant form of upper 69 
secondary education in Switzerland. About two-thirds of youth cohorts pursue vocational education 70 
at the upper secondary level, where they enter vocational training (mainly apprenticeships) in about 71 
230 different occupations (e.g., SERI, 2014). However, vocational education tracks are very 72 
heterogeneous in their level of cognitive demand and future job prospects (Sacchi and Salvisberg, 73 
2014; Stalder, 2011).  74 
Whereas the pursuit of the academic-level track in lower (and upper) secondary education mostly 75 
requires passing a competitive entry exam, access to vocational education encompasses competition 76 
                                               
1 Different tracking models exist across and even within cantons in Switzerland. For the Canton of Zurich, the model of 
separating students in lower secondary education into different school tracks remains the dominant one in use. 
2 In some cantons (including Zurich), access to the academic track at the lower secondary and/or upper secondary level 
requires passing an exam upon completion of primary or lower secondary education. 
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in the apprenticeship market. Here, the school track pursued at the lower secondary level functions as 77 
a highly important signal and appraisal attribute, informing prospective employers on applicants’ 78 
cognitive ability, motivation, ambition and, thus, on-the-job performance potential. The school 79 
grades are often secondary in this regard (e.g., Meyer, 2008; Scharenberg, Wohlgemuth and Hupka-80 
Brunner, 2017). Empirical findings indicate that the chances of accessing cognitively demanding 81 
vocational education tracks are reduced sharply for those who conclude lower secondary education 82 
on the basic-requirements track compared with those on the extended-requirements track, even if 83 
they possess the same academic proficiency (Buchmann, Kriesi, Koomen, Imdorf and Basler, 2016; 84 
Meyer, 2018, 2008). As the school track pursued divides chances for academic and vocational careers 85 
as well as it determines the kinds of occupational fields in which graduates can gain access, school 86 
tracking – at an early stage – sets youths’ life courses for labour-market integration and social 87 
positioning in the long run (e.g., Meyer, 2008).  88 
1.2 Concepts and explanations from previous research: What factors underlie school-track 89 
placement? 90 
The primary determinant for school-track placement is academic performance. In brief, the procedure 91 
is as follows: Teachers evaluate students based on their performance, which becomes manifest in 92 
students’ grades. Teachers then make recommendations as to which school track the student should 93 
enter, e.g., they may suggest that the student take the entry-level exam for the academic track. 94 
Simultaneously, parental expectations play a role. Parents counsel their children as to which school 95 
track they want them to enter. Thus, parents may not follow the teacher’s recommendations for track 96 
placement and appeal his or her decision, e.g., they may or may not enroll their child in the entry-97 
level exam for the academic track and supportive training courses. Children also actively engage in 98 
navigating their own educational pathways on the basis of their aspirations.  99 
There has been a lot of educational research explaining students’ distinct transitions in a tracked 100 
educational system. Although academic performance is the primary determinant for placing students 101 
on school tracks, overlap exists in students’ performance across different school tracks (e.g., XXXX, 102 
2013). Hence, performance alone cannot explain tracking decisions. Socioeconomic resources are 103 
intertwined closely with how parents, teachers and children navigate educational careers (e.g., 104 
Boudon 1974; Bradley and Corwyn, 2002; Ditton and Krüsken, 2006; Dumont et al., 2019; Maaz and 105 
Nagy, 2009; Bourdieu, 1985; Bourdieu and Passeron, 1977). Students’ ascriptive attributes and their 106 
heritage can influence school-track placement via (implicit) socially selective teacher evaluations. 107 
School grades not only mirror student performance but also encompass teachers’ expectations and 108 
attributions (Ditton and Krüsken, 2006; Neuenschwander and Malti, 2009). Students’ social 109 
behavior, presumed motivation and social integration in class have, as an example, been found to be 110 
associated with their school grades and to influence teachers’ recommendations for school-track 111 
placement (Becherer, Köller and Zimmermann, 2017; Neuenschwander, 2012; Neuenschwander and 112 
Malti, 2009; Rottermann, Neuenschwander, Rösselet and Niederbacher, 2015; Schneider, 2011). 113 
Drawing on expectancy value theory (Eccles and Wigfield, 2002), students’ own expectations and 114 
values also affect their performance as well as their career choices. How young people, for example, 115 
perceive their competence levels in school domains, and how highly they appreciate achievement in 116 
the relative domains (including perceptions on the amount of effort needed and their chances of 117 
succeeding), influences their investment, their performance, and thus their choices (Eccles and 118 
Wigfield, 2002). In this vein, expectancy value considerations (explicitly or implicitly), which are 119 
again embedded in the familial contexts in which children are raised, underlie young people’s own 120 
navigation of their educational trajectories.  121 
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While tracking takes place at the end of elementary education, the development of preconditions 122 
conducive to learning in school and predictive of future educational choices already takes place prior 123 
to entering school. Intertwined with their social backgrounds, children start school at very different 124 
levels of initial knowledge (e.g., XXXX, 2005a; XXXX, 2005b), and initial knowledge has been 125 
shown to be highly predictive of subsequent performance gains (e.g., Ceci and Liker, 1986; 126 
Schneider and Björklund, 1992). Initial knowledge also encompasses competence in the language 127 
spoken in school, which is the basis for students’ active participation in class (Zöller, Roos and 128 
Schöler, 2006). Extant literature on early childhood education (e.g., Stamm, 2010) generally 129 
highlights the importance of early stages and familial environments, where the baseline is set for 130 
future outcomes.  131 
Against this backdrop of ‘established’ concepts and explanatory factors underlying school-track 132 
placement, this study focuses in an exemplary fashion on how well our understanding has become by 133 
predicting school-track placement; using performance measures, socioeconomic resources, cognitive 134 
abilities and students’ adaptive functioning and competence and value-related beliefs at the following 135 
stages: (i) upon school entry; (ii) during elementary education; (iii) at the end of elementary 136 
education. We expect the predictions to become more accurate as we include – longitudinally – 137 
education-related measures throughout the elementary school career and up to the end of elementary 138 
education. In order to get an idea of how accurate tracking predictions may be, we drew on predictive 139 
modeling adopted from machine learning based on longitudinal data from the Zurich Learning 140 
Progress Study, Switzerland. 141 
Although predictive modeling is not at all novel to research in educational processes, the vast 142 
majority of applications and publications comes from the field of learning analytics (e.g., Dawson, 143 
Jovanovic, Gašević and Pardo, 2017; Leitner, Khalil and Ebner, 2017; Ranjeeth , Latchoumi and 144 
Paul, 2020) and educational data mining (e.g., Guo, Zhang, Xu, Shi and Yang, 2015; Romero and 145 
Ventura, 2010; Saa, 2016). Some of these studies have explicitly been using students’ background 146 
characteristics in their prediction (e.g., Miguéis, Freitas, Garcia and Silva, 2018) and quite a few have 147 
employed random forest classifiers for that purpose (e.g., Golino, Gomes and Andrade, 2014). To the 148 
best of our knowledge, however, there is no published study so far that has attempted to predict 149 
school tracking decisions, especially not in the context of the Swiss school system.  150 
  151 
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2 Methods 152 
2.1 Population, sample and measures: The Zurich Learning Progress Study 153 
Tracking in the Context of Zurich. The sample underlying the analyses in this study was drawn 154 
from the student population in the Canton of Zurich, Switzerland. In Zurich, only about 16% of 155 
students pursue the academic-level track (Langgymnasium) in the first grade of lower secondary 156 
education. Around one-half of the student population pursues the extended-requirements track in the 157 
first grade of lower secondary education (level A) compared with one-third of students who pursue 158 
the basic-requirements track, encompassing level B and, in some municipalities, level C. These rates 159 
have remained fairly stable over the past decade (e.g., BISTA, 2018a). Access to the academic track 160 
requires passing examinations in math and language at the end of elementary education. Thus, in the 161 
sixth grade of elementary education, parents can enrol their children in entry exams at grammar 162 
schools. The students’ grades in language and math from the most recent school report are also 163 
included in the final grading. Thus, teachers’ recommendations and parents’ decisions to enrol their 164 
children in entry-level exams, as well as the children’s latest school grades and performance on said 165 
entry-level exams, comprise the basis for placement on academic tracks. Each municipality in Zurich 166 
decides whether to organise their lower secondary education into two or three further divisions (A, B 167 
and, optionally, C). A is a cognitively more demanding track than B and (optionally) C.3 Placement 168 
on these tracks is based on teachers’ evaluations (school grades) in discussions with parents (see 169 
BISTA, 2018b). During the second and third years of lower secondary education, students who opt 170 
for the academic-level track for their upper secondary education (again) can enrol in entry-level 171 
exams at grammar schools. 172 
Sample. The Zurich Learning Progress Study monitors learning progress of a stratified random 173 
sample of N = 2,043 students, who enrolled in 120 first-grade regular elementary school classes in 174 
the 2003/04 school year. All students within the sampled classrooms were surveyed and took part in 175 
standardized educational assessments in grade 1, 3,6 and 9. This study focused on all students for 176 
whom school-track information at the lower secondary level exists, which is N = 1,885 students. 177 
Following elementary education, N = 247 students in the sample, corresponding to 13% of the 178 
students, pursued the academic track (Langgymnasium). N = 901 students pursued the extended-179 
requirements track (level A), which is 48%, and N = 737 pursued the basic-requirements track (levels 180 
B/C), which corresponds to 39% of the sample. 181 
Assessment Procedure and Measures. The first standardized assessment and survey [1] 182 
immediately followed school enrollment in 2003 (at the age of 6-7 years). In this first assessment, we 183 
tested the students’ initial knowledge (gained before elementary school) in terms of language 184 
(German reading skills and vocabulary) and mathematical understanding. In addition, children’s 185 
cognitive abilities were measured by the culture fair intelligence test (CFT 1; Weiss and Osterland, 186 
1997). These initial assessments were conducted in form of oral examinations by trained, 187 
prospective, elementary-school teachers that were recruited from the Zurich University of Teacher 188 
Education. Further, additional survey data was gathered. The student’s teachers were asked to 189 
evaluate in a teacher questionnaire their students social behavior (compliant, autonomous and 190 
cooperative behavior and social integration). Also, in a playful manner (videotaped puppet 191 
interviews on school experiences), the children themselves were prompted to agree or disagree with 192 
statements on their school motivation. Sample questions included ‘Are you looking forward to going 193 
                                               
3 The vast majority of students pursue lower secondary education in tracks A and B. Only a minority of students pursue 
track C, as models with three divisions are not widespread in Zurich (e.g., BISTA, 2018a).   
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to school in the morning?’ and ‘Do you sometimes dislike going to school?’ Thus, the motivational 194 
measure was based on children’s self-reporting. Parents filled out a questionnaire on their 195 
socioeconomic resources. Based on this questionnaire, their social status was operationalised. 196 
Students’ social status as a composite factor was measured based on parents’ education (highest 197 
educational attainment) and cultural capital in the form of books available at home (XXXX 2005a). 198 
These measures operationalised the children’s preconditions for learning in school. The second 199 
assessment [2] (around age 9) occurred at the end of third grade. At this stage, academic performance 200 
in mathematics and language (German) was assessed. The third assessment [3] (around age 12) in 201 
mathematics and language occurred at the end of sixth grade, which is the last grade of elementary 202 
school and thus, the basis for school-track placement. In both, third and sixth grades, academic 203 
performance in mathematics and language (German) was assessed via standardized written tests 204 
developed to reflect the Canton of Zurich’s official school curriculum. The tests on school 205 
performance were scaled according to the probabilistic Rasch model (e.g., Bond and Fox, 2015). 206 
Drawing on expectancy value theory (Eccles and Wigfield, 2002), competence beliefs in mathematics 207 
and language, as well as subject-related value beliefs (subdomains: eagerness to learn, relevance and 208 
utility) were assessed in both third and sixth grades, and children reported their school grades. The 209 
scales on competence beliefs focused on the overarching question, ‘Can I do it?’ and included six 210 
items for each subject, including ‘I have problems in mathematics’ and ‘Language is easy’. 211 
Measurement of value-related beliefs focused on the overarching question, ‘Do I want it and why?’ 212 
and included four items per subdomain, such as ‘Mathematics is unimportant to me’ and ‘Language 213 
is useful’ (Descriptive statistics of these measures are reported in the appendix, table 5). The study’s 214 
target measure was the school track on which students were placed at the end of elementary 215 
education, distinguishing between (i) academic track, (ii) A-levels (extended requirements) and (iii) 216 
B/C-levels (basic requirements). Information on the school tracks was gathered based on official 217 
education statistics (Bildungsstatistik, BISTA; e.g., XXXX et al., 2017), which, as a secondary 218 
database, was matched to the sample data. 219 
2.2 Analytic strategy 220 
The study’s objective was to investigate how far our understanding of educational transitions goes by 221 
analyzing how well we can actually predict students’ pathways at the lower secondary level based on 222 
well-established education-related measures in a longitudinal fashion. Thus, the methodological 223 
focus is on predictive modeling. To evaluate how well placement on school tracks can be predicted 224 
based on early education-related measures, we used recursive partitioning in terms of the random-225 
forest methodology (Breiman, 2001). Recursive partitioning methods, adopted from machine 226 
learning, have become increasingly popular in many scientific fields. In contrast to parametric 227 
classification models, such as logistic regression, these methods allow for modeling complex, non-228 
linear relations and interactions between variables in a data-driven way and do not rely on strong 229 
model assumptions, such as the functional form of the association between predictors and outcomes. 230 
Random forests can further deal with high dimensionality, thereby allowing for the inclusion of many 231 
correlated predictors without losing prediction accuracy (Lantz, 2015; Strobl et al., 2009). 232 
The rationale for recursive partitioning (for more details, see Strobl et al., 2009) is that the feature 233 
space spanned by all predictor variables is recursively split into sets of respondents with similar 234 
response patterns. Decision-tree classifiers channel observations into a final predicted class based on 235 
branching decisions, resulting in a tree-like structure (e.g., Lantz, 2015). Each node of the decision 236 
tree corresponds to a split in the data, in which the variable (and optimal cut point) that best predicts 237 
the target (in this case, school track) is selected for the next split. To select splitting variables and cut 238 
points, impurity-reduction measures, or p-value association tests, serve as split criteria to best 239 
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separate/classify observations based on the target variable (e.g., school track). In each terminal node 240 
of the tree, the predicted response class corresponds to the majority in the respective node. The logic 241 
to assess prediction accuracy follows the idea of extrapolation, the objective of which is to create a 242 
classifier that allows for generalising in new instances. The classifier is generally fit in a (randomly 243 
drawn) learning sample of the data, and prediction accuracy is tested in a (randomly drawn) test 244 
sample of the data. Single classification trees are unstable and can change in the partitioning structure 245 
due to small differences in the distribution of variables in the learning sample. Random forests are an 246 
ensemble of multiple classification trees (e.g., Breiman, 2001) and allow for higher generalisability. 247 
In random forests, trees are fitted on different learning samples, while different random subsets of 248 
predictor variables are used simultaneously, which helps avoid overfitting (e.g., Strobl et al., 2009). 249 
The final classification in random forests is based on the majority prediction over the multiple 250 
classification trees fitted. Based on 10-fold cross-validation, we evaluated prediction accuracy. This 251 
means that we fit the models 10 times, each on 90 percent of the sample, and evaluated how well our 252 
model generalised and predicted the outcomes of the unseen 10 percent of the sample (e.g., Lantz, 253 
2015). However, the data imbalance presented a problem, i.e., the classes (respectively, school 254 
tracks) were not represented equally in the data. The minority of students followed the academic-255 
level track following sixth grade, and the majority of students followed the extended-requirements 256 
track. Classifiers are more sensitive to detecting the majority class and less sensitive to the minority 257 
class, resulting in higher error rates in predicting the minority class (e.g., Fernandez et al., 2013; 258 
Haixiang et al., 2017; He and Garcia, 2009). The synthetic minority oversampling technique 259 
(SMOTE) (e.g., Chawla, Bowyer, Hall and Kegelmeyer, 2002) is a commonly used oversampling 260 
method in imbalanced classification (Haixiang et al., 2017). Instead of creating exact copies from the 261 
minority class through simple oversampling, it works by creating synthetic samples. The algorithm 262 
selects two or more similar instances in the minority group using a nearest-neighbour distance 263 
measure. It then synthesises a new minority instance that lies (based on the covariates) somewhere 264 
between these nearest neighbours (for an applied example, see Kunert, 2017). 265 
In this study, random forests were implemented using the party package (Hothorn, Hornik and 266 
Zeileis, 2006; Hothorn, Hornik, Strobl and Zeileis, 2018) in the Software R (R Development Core 267 
Team, 2018). Partitioning was based on the p-values of association tests (which include testing a 268 
global null hypothesis), and recursion was stopped when no further significant associations were 269 
found (e.g., Hothorn et al., 2006). The number of trees fitted for random forests defaults to 500, and 270 
the number of variables selected for each random subset is equal to the square root of all predictors 271 
included. Missing values were multiply imputed in the 10-fold cross-validation samples using 272 
predictive mean matching (Robitzsch, Pham and Yanagida, 2016), then combined into an average 273 
estimate. The oversampling technique SMOTE was applied based on the R-package smotefamily 274 
(Wacharasak, 2018) using the five nearest neighbours. For performance evaluation, we reported 275 
overall prediction accuracy and balanced prediction accuracy (mean across the true positive rates for 276 
each track), as well as precision and F-measures separately for each predicted school track (e.g., He 277 
and Garcia, 2009) and the G-mean measure for multiclass classification (e.g., Sun, Kamel and Wang, 278 
2006). In the appendix (tables 6-8), for comparative purposes, we additionally show the results when 279 
applying a parametric multinomial logistic regression instead of the more sophisticated combination 280 
of a SMOTE sampling approach and random forest classifier. 281 
We followed a stepwise procedure in which we fit three predictive models, including education-282 
related measures surveyed at these points: (i) school enrollment; (ii) school enrollment and in third 283 
grade; and (iii) school enrollment and in third and sixth grades. In Model 1, we included information 284 
on children’s preconditions in the form of socioeconomic resources as parental SES, the children’s 285 
scores on the initial IQ test, their initial knowledge in reading and math, their gender and migrant 286 
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background (heritage language), their teachers’ initial evaluations of their social behavior, and the 287 
children’s self-reported motivation at the start of primary school. In Model 2, we included 288 
standardized academic performance measures in both language and math in third grade, students’ 289 
school grades (mirroring teachers’ evaluations) and their self-reported competence and value-related 290 
beliefs. Model 3 further complemented Model 2 by including school grades, standardized academic 291 
performance in language and math, and competence and value-related beliefs at the end of 292 
elementary education, which were the basis for placement into school tracks (see Table 1). In a 293 
stepwise procedure, running Models 1–3, we investigated how well we could predict subsequent 294 
placement into school tracks and checked how much of an increase in prediction accuracy we gained 295 
when moving from early education measures to the addition of late education-relevant measures.  296 
 297 
###INSERT Table 1 HERE### 298 
  299 
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3 Results 300 
Tables 2–4 display the prediction results of random forests based on the predictor sets of Models 1–3 301 
(see Table 1). The rows contain observed school tracks of students, while the columns display 302 
predictions based on the cross-validation samples. In the diagonal, the correct classifications by 303 
school track are displayed, while off-diagonal cells include misclassifications. The percentages in the 304 
diagonal represent the shares of correctly classified students out of all students pursuing respective 305 
school tracks (true positive rates by track, row percentages). This value is also known as the recall 306 
statistic in the extant literature (e.g., He and Garcia, 2009).4  307 
Thus, these tables provide an idea of how accurate (approximately) we can be when predicting 308 
placement into school tracks by early and late education-related measures. Focusing on school-entry 309 
measures (Model 1, see Table 2), the total fraction of correct classifications for Model 1, which is 310 
overall prediction accuracy, is 64%. The prediction error (1-accuracy) amounts to 36%. Thus, based 311 
on education-related predictors measured upon school entry, such as students’ initial knowledge in 312 
reading and math, their scores in an IQ assessment, their familial SES, their motivation and teachers’ 313 
evaluations of their social behavior, we can build a classifier that predicts future school-track 314 
placement with about 64% accuracy. If we focus on balanced prediction accuracy, which is the mean 315 
across the true positive rates for separate tracks, then the balanced prediction accuracy reaches 65%. 316 
Focusing on the tracks separately, we can correctly classify approximately 65% of students following 317 
the academic track based on school-entry measures, compared with about 57% of those on the 318 
extended-requirements track (Level A) and 73% of those on the basic-requirements track (levels 319 
B/C). Focusing on the off-diagonal cells (misclassifications), we can see that misclassifications 320 
mainly occur between adjacent school tracks. For example, based on these early predictors, 31% of 321 
those on the academic track and 25% of those on the basic-requirements track are misclassified as 322 
pursuing the extended-requirements track. Meanwhile, 24% of those on the extended-requirements 323 
track are misclassified as following the basic-requirements track, and 20% of the extended-324 
requirements track students are misclassified as following the academic track. Conversely, only 325 
minor misclassification exists between the most- and least-advantageous tracks, which is between 326 
students following the academic- and basic-requirements tracks. Only about 4% of those pursuing the 327 
academic track are wrongly classified as basic-track students, whereas 2% pursuing the basic track 328 
are misclassified as academic-track students. This suggests that the most advantageous and most 329 
risky tracks, with solid precision, can be separated based on education-related measures taken upon 330 
school entry. 331 
 332 
###INSERT Table 2 HERE### 333 
 334 
 335 
                                               
4 In the table footnotes, further performance measures are reported. The precision statistic encompasses column 
percentages of the correctly classified students predicted to follow their respective school tracks. The F-measure 
combines recall and precision (e.g. He & Garcia, 2009). For a performance comparison between Models 1–3, the 
balanced prediction accuracy (mean across school tracks) and the multi-class G-mean statistic, according to Sun et al. 
(2006), are reported.  
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If we also include performance measures and school grades in math and language, as well as 336 
competence and value-related beliefs, in third grade, which is in mid-elementary education, overall 337 
prediction accuracy increases to 71%. Accordingly, the prediction error is reduced to 29% (Model 2, 338 
Table 3). In addition, balanced prediction accuracy totals 71%. Including third-grade measures, we 339 
can classify approximately 70% of students following the academic track correctly, with about 69% 340 
of students on the extended-requirements track and 74% on the basic-requirements track. Again, 341 
misclassifications (off-diagonal cells) mainly occur between adjacent school tracks, whereas 342 
separation between academic- and basic-requirements tracks is possible at high accuracy.  343 
 344 
###INSERT Table 3 HERE### 345 
 346 
Complementing the predictor set by school grades and performance in language and math in sixth 347 
grade and students’ competence and value-related beliefs at the end of elementary education (Model 348 
3, Table 4), overall prediction accuracy rises to 79%, and prediction error drops to 21%. Balanced 349 
prediction accuracy across the different school tracks totals 77% (mean across correct classification 350 
rates for separate school tracks). Including sixth-grade measures, we can predict about 71% of all 351 
academic-track students correctly, compared with 79% of extended-requirements track students and 352 
82% of students pursuing the basic-requirements track. Like before, misclassifications more 353 
commonly occurred between adjacent tracks than between the most- and least-advantageous tracks. 354 
Of those pursuing the basic-requirements track, no one was misclassified as following the academic-355 
level track; and of those pursuing the academic-level track, about 2% were misclassified as pursuing 356 
the basic-requirements track. All in all, no perfect prediction seems possible based on education-357 
related measures, even if they are measured at the end of elementary education and thus directly 358 
underlie placement on school tracks. Although overall prediction performance improves when 359 
including variables measured in sixth grade, the increased accuracy appears to be modest.  360 
 361 
###INSERT Table 4 HERE### 362 
 363 
4 Discussion 364 
Complementing the near-exclusive focus on explanatory models in the educational sciences, 365 
predictive modeling strategies allow exploring the predictive capacity of explanatory factors and 366 
concepts (Hofman et al., 2017; Yarkoni and Westfall, 2017). They put the explanations derived from 367 
theory-elaborative and hypothesis-testing research into perspective. In other words, they allow for 368 
testing and gauging the limits of our understanding of educational outcomes by evaluating the 369 
predictive power of our explanations.  370 
In an exemplary fashion, this study investigated how far (institutionalized) school tracking can 371 
actually be predicted using a broad set of early and late education-related measures highlighted in 372 
previous explanatory research. Although we know about manifold factors determining track 373 
placements, we have no frame for evaluating how predictable such transitions have become in total, 374 
given our theoretical and conceptual understanding of them. If the explanatory factors, as an 375 
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aggregate, lead to successful predictions of school-track placement, then this would suggest that, 376 
given these widely established educational predictors, little unpredictable mobility exists in terms of 377 
students’ performance development and educational navigation during elementary education, and 378 
that, as such, we have an established set of predictors and understanding on which we can forecast 379 
these transitions. However, if high unpredictability remains, then this would prompt future 380 
explanatory research to think further and consider what else may be in play that would lead to such 381 
unpredictable dynamics.  382 
The exemplary results show that even if, in a longitudinal fashion, a diverse set of well-established 383 
predictors is used in combination with a random-forest model for prediction – including standardized 384 
performance measures, school grades, socioeconomic resources, individual preconditions and beliefs 385 
– predicting the placement of students on school tracks is still prone to substantive misclassifications. 386 
Approximately, the transition of one out of five students is erroneously predicted at the very end of 387 
elementary education. Thus, there is quite a bit we cannot explain in educational navigation at the 388 
very end of elementary education. Yet, predictive misclassifications mainly occur between adjacent 389 
school tracks. Very few misclassifications in the future enrollment of academic-track and basic-track 390 
students, i.e., those pursuing the most- and least-prestigious tracks, respectively, occur. In this regard, 391 
the institutionalized tracking system seems to distinguish at the lower and upper ends between what 392 
is already observed prior to starting school; implying that little unpredictable mobility seems to occur 393 
during elementary education between the margins given our theoretical understanding of factors 394 
underlying educational careers.  395 
Though explanatory research provides us with a set of explanations, we can only grasp how well we 396 
can actually explain specific outcomes by evaluating the explanations’ predictive power in a 397 
predictive modeling framework. Predictive modeling strategies hence allow educational researcher to 398 
explore the limits of their understanding of educational outcomes and, by this, to put the knowledge 399 
gained from explanatory approaches into perspective. In other words, the predictive approach is 400 
asking about the maximum amount of variance that could be possibly explained by a set of predictors 401 
when taking into account all possible higher order and non-linear interactions between them. This 402 
approach is not bound by the limitation that we cannot understand or interpret these interactions. It 403 
rather shows the amount of information that is inherent to this set of predictors. If this amount is 404 
large, we can assume that we at least were able to identify the relevant variables correlated with the 405 
outcome. If this amount is small, this either hints to some overseen variables or to some inherent 406 
randomness of the entire process. Yet, as we lack a benchmark for the ‘predictability of human 407 
behavior’ in general, there is no frame for evaluating whether the theoretical limit of forecasting 408 
specific outcomes has been reached (as there may be an inherent aspect of randomness), or if 409 
misclassifications may arise due to issues of measurement error, data quality, the predictive modeling 410 
approach chosen or because there are other unmeasured (or unmeasurable) factors at play (Hand, 411 
2006; Hofman et al., 2017). One could, for instance, argue that our lean operationalization of socio-412 
economic status (otherwise not feasible due to data protection regulations) was not sufficient enough 413 
to capture important aspects of that construct such as income or occupational activity. Still, it is 414 
difficult to decide between more conceptual reasons for misclassification (e.g., some inherent 415 
randomness in the process investigated) or methodological ones (e.g., an important predictor 416 
measured with low reliability only). 417 
Finally, the reported findings contribute to the ongoing discussion whether tracking as such is rather 418 
beneficial or rather disadvantageous for the reproduction of social inequalit ies and for upward 419 
mobility of students with lower socio-economic status. Proponents of between-school tracking argue 420 
that such an educational policy better allows adjusting to the needs and abilities of all students as 421 
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compared to a unity school system (Maaz et al., 2008). Furthermore, tracking is said to have 422 
beneficial effects on the academic self-concept of weaker students (Marsh et al., 2018) and studies 423 
are cited showing little if any difference in the learning progress of students at different tracks 424 
(despite, of course, differences in the overall level; e.g., Schneider & Stefanek, 2004; Schneider et al., 425 
2002). Opponents, in turn, claim that the different learning context related to between-school tracking 426 
would exacerbate social inequalities and result in differential learning gains (Solga, 2008). They cite 427 
studies showing that by international comparison, school systems with later tracking tend to provide 428 
more equal opportunities as index by lower correlations between socio-economic status and 429 
educational attainment (e.g., Schütz & Wößmann, 2005). There is empirical evidence for both 430 
positions, depending on the context investigated or the subject domain taken into consideration 431 
(Maaz et al., 2010). Both positions, however, build on the assumption that the allocation of students 432 
according to some specified criterion works sufficiently well. Our results point to the possibility that 433 
there is a substantial amount of randomness in this allocation process. In other words, even if we 434 
would want to accept that tracking is conducted not only contingent on merit but also biased by 435 
socio-economic status, gender or language background, we would not be able to explain many of the 436 
allocation decisions made. This finding calls for future research investigating these obviously 437 
important factors and this is exactly the point where predictive modeling can and should become a 438 
starting point for investigation and explanation.  439 
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Table 1. Predictors of placement on school tracks (by model) 
Model 1:  
School Entry 
Model 2:  
School Entry & Grade 3 
Model 3:  
School Entry, Grades 3 & 6 
 Initial knowledge 
 IQ-test scores 
 SES 
 Social behaviora 
 Motivation 
 Gender 
 Heritage language 
 Initial knowledge 
 IQ-test scores 
 SES 
 Social behavior 
 Motivation 
 Gender 
 Heritage language 
 Performance grade 3 
 School grades 
 Competence beliefs  
 Value beliefs  
 Initial knowledge 
 IQ-test scores 
 SES 
 Social behavior 
 Motivation 
 Gender 
 Heritage language  
 
 Performance grade 3 
 
 Performance grade 6 
  
 School gradesb 
 Competence beliefsb 
 Value beliefsb 
a includes compliant, cooperative, autonomous behaviour and social integration, b in grades 3 and 6 652 
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Table 2. Model 1 Prediction Accuracy – School Entry 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 65% [161] 31% [76] 4% [10] 100% [247] 
Extended (A)2 20% [177] 57% [510] 24% [214] 100% [901] 
 Basic (B/C)3 2% [14] 25% [181] 73% [542] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.65, multiclass G-mean = 0.65 654 
1) precision = 0.45 , F-measure = 0.53 655 
2) precision = 0.66, F-measure = 0.61 656 
3) precision = 0.70, F-measure = 0.71 657 
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Table 3. Model 2 Prediction Accuracy – School Entry & Grade 3 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 70% [174] 29% [71] 1% [2] 100% [247] 
Extended (A)2 15% [133] 69% [621] 16% [147] 100% [901] 
 Basic (B/C)3 1% [6] 25% [185] 74% [546] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.71, multiclass G-mean = 0.71 659 
1) precision = 0.55 , F-measure = 0.66 660 
2) precision = 0.71, F-measure = 0.70 661 
3) precision = 0.79, F-measure = 0.76 662 
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Table 4. Model 3 Prediction Accuracy – School Entry, Grades 3 & 6 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 71% [176] 27% [67] 2% [4] 100% [247] 
Extended (A)2 9% [85] 79% [708] 12% [108] 100% [901] 
 Basic (B/C)3 0% [2] 17% [128] 82% [607] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.77, multiclass G-mean = 0.77 664 
1) precision = 0.67, F-measure = 0.69 665 
2) precision = 0.78, F-measure = 0.78 666 
3) precision = 0.84, F-measure = 0.83 667 
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Table 5. Descriptive statistics: predictors included (unstandardized) 
Predictor Mean SD Min Max N 
Initial knowledge 
(reading) 
494 92 312 687 1853 
Initial knowledge 
(numbers) 
499 103 147 870 1853 
IQ 100 15 70 145 1879 
Gender (female) 0.5 -- 0 1 1885 
Heritage Language 
(foreign) 
0.28 -- 0 1 1885 
number of books (SES) 176 170 5 500 1854 
parental years of 
education (SES) 
12.7 3.5 4 17 1693 
social behavior 
(compliance) 
3.2 0.6 1 4 1705 
social behavior 
(cooperation) 
2.6 0.7 1 4 1704 
social behavior 
(integration) 
3.2 0.5 1 4 1670 
social behavior 
(autonomous) 
3 0.8 1 4 1705 
motivation 2.9 0.6 1 4 1703 
performance 
mathematics (grade 3) 
490 101 138 861 1757 
performance language 
(grade 3) 
496 101 88 823 1753 
school grades 
mathematics (grade 3) 
4.8 0.6 2.5 6 1507 
school grades language 
(grade 6) 
4.6 0.6 2.5 6 1357 
competence beliefs 
mathematics (grade 3) 
3.2 0.7 1 4 1630 
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value beliefs 
mathematics (grade 3) 
3.5 0.6 1 4 1750 
competence beliefs 
language (grade 3) 
3.2 0.6 1 4 1604 
value beliefs language 
(grade 3) 
3.5 0.6 1 4 1725 
performance 
mathematics (grade 6) 
873 111 511 1235 1640 
performance language 
(grade 6) 
776 108 378 1143 1638 
school grades 
mathematics (grade 6) 
4.6 0.7 2.5 6 1589 
school grades language 
(grade 6) 
4.6 0.6 2.5 6 1586 
competence beliefs 
mathematics (grade 6) 
2.8 0.6 1 4 1396 
value beliefs 
mathematics (grade 6) 
3.1 0.6 1 4 1167 
competence beliefs 
language (grade 6) 
2.9 0.6 1 4 1388 
value beliefs language 
(grade 6) 
3.2 0.6 1 4 1167 
 670 
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Tables 6-8 show prediction accuracy if instead of a SMOTE oversampling procedure in conjuntion 672 
with a random forest algorithm, a multinomial logistic regression model was applied for predictive 673 
purposes. The overall prediction accuracies are not far off from random forest models, though the 674 
results clearly show that this parametric approach cannot distinguish well between the academic track 675 
and the extended requirements track (A). There is a tendency in erroneously classifying future 676 
academic track students as extended requirements track students. Yet, similar to the more 677 
sophisticated approach used in the study, the results show that basic track students (B) can be 678 
separated 679 
Table 6. Multinomial Logistic Model 1 Prediction Accuracy – School Entry 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 40% [98] 58% [143] 2% [6] 100% [247] 
Extended (A)2 5% [50] 72% [648] 23% [203] 100% [901] 
 Basic (B/C)3 0% [2] 29% [212] 71% [523] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.61, multiclass G-mean = 0.59 680 
1) precision = 0.65 , F-measure = 0.49 681 
2) precision = 0.65, F-measure = 0.68 682 
3) precision = 0.71, F-measure = 0.71 683 
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Table 7. Multinomial Logistic Model 2 Prediction Accuracy – School Entry & Grade 3 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 47% [115] 53% [130] 1% [2] 100% [247] 
Extended (A)2 7% [64] 76% [689] 16% [148] 100% [901] 
 Basic (B/C)3 0% [1] 23% [168] 77% [568] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.66, multiclass G-mean = 0.65 685 
1) precision = 0.64 , F-measure = 0.54 686 
2) precision = 0.70, F-measure = 0.73 687 
3) precision = 0.79, F-measure = 0.78 688 
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Table 8. Multinomial Logistic Model 3 Prediction Accuracy – School Entry, Grades 3 & 6 
  Predictions Total 
Observed 
 Academic track Extended (A) Basic (B/C)  
Academic track1 66% [162] 33% [81] 2% [4] 100% [247] 
Extended (A)2 6% [52] 82% [737] 12% [112] 100% [901] 
 Basic (B/C)3 0% [1] 18% [133] 82% [603] 100% [737] 
Absolute numbers in square brackets, balanced accuracy = 0.77, multiclass G-mean = 0.76 690 
1) precision = 0.75, F-measure = 0.70 691 
2) precision = 0.77, F-measure = 0.79 692 
3) precision = 0.84, F-measure = 0.83 693 
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